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Abstract  
In this paper, we address the determinants of clean energy inventions by 946 large firms. We use a 
new set of large firms’patent portfolios and we broaden and deepen existing literature on this issue in 
two main ways: first, we conduct our study directly at the firm level and not at the industry or national 
levels and second, we do not focus on a single industry but encompass all industrial sectors. Drawing 
on firm (internal and external) knowledge and knowledge accumulation, we show there is a robust 
positive association between the (past) knowledge accumulated capital related to clean technologies 
and the number of inventions produced in that field, even after controlling for industry and nation 
fixed effects and other factors. The same relation works for (past) knowledge accumulated capital in 
other (non-clean) technologies. However, the relation’s impact on the number of clean inventions 
produced is much lower. The magnitudes of our coefficient are in line with that obtained previously on 
firms in the auto-industry or at the sectoral level.  
Key words: clean invention, dirty invention, knowledge capital, firms, learning 
 
 
 
 
 
 
 
 
                                                     
1 A first draft of the article was set out at the international conference “Gouvernance of a Complex World 2014”, 
18-20 Jun 2014 Torino (Italy). We warmly thank our discussant Cédric Gossart for his valuable comments.  
 
2 
 
Introduction 
The global climate crisis is a major concern for economists working on environmental and 
technological innovations. The crisis makes it clear that clean public R&D investment, procurement or 
infrastructure cannot achieve a drastic reduction of greenhouse gas emissions and that a real 
commitment by the private sector for producing new clean energy technology or for adopting new 
cleaner equipment is needed (Veugelers, 2012)
2
. Transition to a low carbon economy or/and a more 
sustainable economy requires a more intensive rhythm of industrial innovations in the fields of clean 
energy technologies. The production, development and diffusion of environmental innovations (EI 
thereafter) are critical for achieving sustainable growth. It is also acknowledged that private industrial 
firms will not achieve this transition without sufficient incentives. Moreover, as emphasized in a 
significant portion of the literature, such a transition necessarily implies interactions between private 
and public sectors (see in particular Marin and Mazzanti, 2009: Nill and Kemp, 2009). Consequently, 
a public policy based on a portfolio of incentives is justified. These incentives would include carbon 
taxes and academic research subsidies for encouraging R&D directed to environmental technologies 
(see among others Acemoglu et al., 2012). Innovation is a key element behind the achievement of 
environmental and economic performance (Gilli et al., 2013).  
One motivation for understanding the drivers of clean energy innovations is that the environmental 
impact of the economic activity is greatly affected by the rate and direction of technological change 
(Jaffe et al., 2000). In this paper, we focus our attention on a firm’s strategies for innovating in 
technologies related to greenhouse gas emission mitigation. We have minimal knowledge regarding 
the volume of innovations that are needed to implement cleaner energy systems, and we know less 
about their determinants. Consequently, echoing the work by Jaffe et al. (2000), we use patent data to 
address the issue of the determinants of the rate and direction of technological progress at the micro-
economic level, focusing on the role of knowledge spillovers and accumulation. 
It is important to rigorously define what green innovations mean
3
. Following Kemp and Foxon (2007), 
we define environmental or green innovation as the “production, assimilation or exploitation of 
product, production process, service or management or business methods that is novel to the 
organisation (developing or adopting it) and which results, throughout its life cycle, in a reduction of 
environmental risk, pollution and other negative impacts of resources use (including energy use) 
compared to relevant alternatives”. Often technological, organisational and marketing innovations are 
implemented considered all together (Horbach et al., 2011). Furthermore, incremental strategies rather 
than more radical strategies have predominated until now. It is generally considered as insufficient 
when we examine long-term economic and environmental goals (Gilli et al., 2013)
4
.  
In the past the literature mainly focused on industry specific determinants of clean innovation, 
following the seminal analysis by Poter and Van Linde (1995). Nowadays firm’s level variables 
emerge as important factors (De Marchi, 2012). Firm innovation resources are now considered more 
relevant than industry level factors to explain green innovation intensity (De Marchi et al, 2015). If we 
adopt a broader perspective, it is relevant to start with the idea that three main effects account for a 
firm’s adoption of clean innovation: 1) the demand side effect (often with energy price as a proxy, see 
for instance Verdolini and Galeotti, 2011), 2) the supply side effect generated by technological 
opportunities that govern the cost of researching and developing new technologies, 3) the policy side 
effect. By this, we mean policy that directly affects economic agent behaviour through strict regulation 
                                                     
2
 We define clean energy technology later in the paper.  
3
 During the last ten years, cleantech and greentech are most often used as synonyms. However cleantech has 
historically been differentiated from greentech by its origins in the venture capital investment community. It 
used to define a business sector that included significant and high growth industries such as solar, wind, water 
purification, and biofuels. This was in contrast to greentech, an older term representing the highly regulatory 
driven, "end-of-pipe" technology of the past with limited opportunity for attractive returns, Cleantech is driven 
by economic market, therefore offering a greater financial upside. 
4
 Regulation is a crucial driver of eco-aiming to correct negative externalities due to pollution. 
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(or environmental technology push according to Borghesi et al., 2014)
5
. Since our study is centered on 
top multinational R&D investors with R&D facilities and markets worldwide, we focus on 
technological opportunities, measured by the firm’s stock of technological knowledge. Specifically, 
we consider the creation of clean inventions (at least those for which a patent is applied for) by firms 
and do not pay attention to the adoption of clean innovation by firms. We are particularly interested in 
one specific class of green innovations: those in the energy field dedicated to mitigating global 
warming and reducing GHG emissions (Veefkind et al., 2012). Consequently, we define clean 
inventions or clean technologies (cleantech) as coming under the umbrella of greentech inventions, 
and specifically which contribute to the mitigation of global warming and reductions in GHG. In this 
paper we basically address clean inventions.
6
 
Whereas CIS data provide a great deal of information about green innovations in general and enable us 
to assess the firm’s propensity to implement green innovations, they do not provide many details on 
clean inventions. In contrast, we propose to use patent data in order to obtain a richer information.  We 
can retrieve clean energy invention information because of the work performed by the European 
Patent Office, with the objective of tagging inventions patented in climate change mitigation 
technologies and can identify in the Patstat patent database the patent portfolios of each firm based on 
a consolidated firm perimeter. We are thus able to explain not only a firm’s propensity to implement 
clean energy innovations, but also the scale at which it invests in clean technologies through the 
quantity of patents it applies for. Thanks to the patent data, we can further compute the pool of 
knowledge produced by other companies that is likely to help the firm to invent in green energy. 
Finally, the firm’s past experience or its surrounding knowledge pool can be disentangled between 
clean and non-clean technologies in order to control overlaps between the two categories. The present 
article thus proposes a cross-section econometric model where the cleantech inventions done by 946 
worldwide top R&D investors over the 2003-2005 period are driven by the experience firms 
accumulated in clean and dirty technologies between 1986 and 2002, as well as, clean and dirty 
spillovers. The paper proceeds in the following manner. We first provide a brief review of the 
literature in section 1 and main theoretical frameworks dedicated to explaining the main drivers of 
clean inventions. We provide more details on our research question in section 2 where we pose our 
hypotheses. Section 3 delineates our data set, the sampling of large worldwide firms, our variables, 
and the econometric method implemented. Section 4 presents and discusses our results. A final section 
concludes. 
 
1. Literature background 
The literature largely reflects a widespread belief that climate change can be achieved through the 
production of new technologies and its adoption by users. Three main determinants are considered
7
: 
relative prices, environmental standards and innovation policies.  
The first determinant considers the substitution rate between existing dirty
8
 and clean technologies. 
Substitution relies on the relative price between the two technologies. Hence, many scholars put forth 
energy price as a main driver of directed technical change (for instance: Crabb and Johnson, 2010; 
Hassler et al., 2012; Newell et al. 1999; Popp, 2002 and Aghion et al., 2015). A cheap dirty energy 
technology is more likely to maintain its dominance over time. When relative prices are not persuasive 
for investors, taxes on the use of dirty technologies or subsidies for cleaner technologies can be 
                                                     
5
 It is acknowledged that environmental innovation oriented policies positively affect the rate of technological 
change in the field of green technologies (see Johnston et al., 2010). 
6
 We consider the terms ‘green-innovation’ and ‘environmental innovation’ equivalent. However, we explicitly 
differentiate the term clean innovation, i.e., climate-friendly innovation, from all other green innovations. 
7
 Other sources and drivers of innovation play a role in this process as organisational arrangements (Dosi, 1997  
8
 Here when we speak about dirty technology, we mean in fact not clean technology. Many authors put the word 
dirty in brackets in order to show that dirty technology may not augment the negative impact on climate change.. 
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considered to accelerate substitution toward cleaner solutions. Such changes in relative prices have not 
only a static influence with the better use of existing energy-efficiency technologies but also an 
induced increase in demand. Moreover market size for cleaner products and processes are likely to 
influence technological opportunities and thus prompt investments in future clean technologies (e.g. 
Aghion et al., 2015). Scholars therefore usually acknowledge that complementary tools are likely to be 
implemented to obtain an optimal policy mix able to manage static and dynamic aspects. This policy 
mix encompasses mainly ‘regulation’ policy and innovation policy (Porter and van der Linde, 1995; 
Cowan and Kline, 1996; Jaffe and Newell, 2002; Acemoglu et al., 2012; Veugelers, 2012). 
For instance, Porter’s hypothesis (Porter and van der Linde, 1995) advocates that a set of more 
stringent environmental regulations (e.g. more stringent performance and technology-based standards 
or tradable permits) can also induce efficiency by encouraging firms to develop new clean process 
innovations and then reduce their production costs. The first issue with this is that higher efficiency is 
achieved when overcompensating for both the compliance costs linked to environmental regulations 
and the innovation costs. The second issue is that a firm may be compliant with incremental changes 
and the adoption of resources available on market, meaning that the link between regulatory 
compliance and innovation and especially radical innovation is not systematic. Finally, regulation 
instruments such as standards are also likely to limit rather than trigger innovation (Jaffe et al., 2002): 
once the technology standard is no longer binding, firms do not further look for innovation. Worse, 
when firms anticipate that a government will increase cost and regulation for dirty technologies in the 
future, they may implement innovation in old technologies to exploit them more rapidly and more 
efficiently before their cost increases too much (Sinn, 2008). Despite the criticisms (Jaffe et 1997; 
Jaffe et al., 2002; Wagner, 2003; Ambec et al., 2013) and the skepticism on the Porter and Van der 
Linde’s insights, many scholars have tested the influence of regulations on filed clean-tech 
inventions
9
. Firm level studies largely confirmed that more stringent environmental policies induce 
more clean innovations (e.g. Lanjouw and Mody, 1996; Jaffe et al., 2002; Rehfeld et al., 2007; Popp et 
al., 2009; Calel, and Dechezlepretre, 2012; Kesidou and Demirel, 2012; Carrión-Flores et al., 2013; 
Borghesi et al., 2014) even if some discrepancies have been found at the industry level (e.g. Jaffe and 
Palmer, 1997). 
Finally, the literature usually insists on the role of innovation policies complementing market-based 
instruments and regulation tools. Specific funds, grants, subsidies and R&D tax credit can provide 
direct incentives toward the production of new clean products or processes and their diffusion. 
Lowering production costs but also adoption costs of clean innovation by direct or indirect policies 
should help firms to create and adopt new products and processes more quickly and comprehensively. 
Empirical studies have highlighted the positive role of innovation policies on clean-environmental 
innovation even if the results can be nuanced (Brouhle et al, 2013). The results can be mitigated when 
R&D is taken as a proxy for environmental innovation or when the impact of R&D, influenced by 
innovation policies, is compared with the impact of regulation policies. In this type of literature (see 
Ghisetti Pontoni, 2015), clean-innovation policies are however usually identified only at national level 
not at the firm level (e.g. Popp, 2002). At the firm level, environmental innovation policies can be 
mixed with other innovations policies, preventing clear conclusions. Similarly, as already mentioned, 
R&D efforts may not be a good proxy for R&D efforts in clean-tech fields and make studies choosing 
patents more interesting (see Wagner, 2008). Furthermore, the identification of the role of innovation 
policies is also challenged since the literature to date has not implemented treatment or multiple 
models to compare treated and non-treated firms when data on non-treated firms are available (see 
Brouhle et al., 2015). Innovation policies addressed in the literature usually focus on industrial policy 
and very little on research policy: the role of academic laboratories and their ability to contribute to the 
pool of knowledge that firms can absorb, and thus their indirect role in environmental innovation, is 
usually overlooked. Few econometric papers are available at the firm level for multiple industries. On 
the one hand, some positive roles are identified (e.g. Cainelli et al., 2012). On the other hand, public 
research organizations are not found to be influential when CO2 reduction is considered (Borghesi et 
                                                     
9
 Many authors also take R&D expenditure as a proxy of innovation efforts in clean-tech (see Jaffe et al., 2002 
for a survey) despite the inability to observe the share of R&D budgets dedicated to clean-tech fields. 
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al, 2014). An important caveat in the empirical literature focused on market based determinants and 
policy tools, is that it does not comprehensively consider knowledge sourcing activities implemented 
by firms in order to be able to achieve innovation.  
More generally, the academic literature on environmental innovation pays relatively little attention to 
the dynamic of knowledge at the firm level. A specific subset of authors have acknowledged the 
difficulties for ecological policy makers to shape and identify the best opportunities and arbitrage over 
the long run, from a private and social point of view (Jaffe and Newell, 2002; Veugelers, 2012). 
Knowledge accumulation is considered as a problem that may drive firms (and the economy) along 
sub-optimal clean technologies trajectories where switching costs may hamper the development of the 
cleanest choices, and either maintain the firm on its old trajectory (Unruh, 2000) or locking the firm 
into a sub-optimal new technology trajectory (Klitkou et al., 2015).  
The main aim of the paper is to propose a general inquiry into the existence, the importance and the 
past-path dependence of knowledge accumulation, including spillovers at the firm level. Insights of 
path dependence of environmental innovation are available but only at the national level (Popp, 2002; 
Popp et al., 2011), at the industry level (Stucki and Woerter, 2012) or on a single industry (Aghion et 
al., 2015). In contrast we will work on a large sample of firms from many countries and sectors. A 
second task is to characterize the different flows of knowledge that firms are able to draw on. In this 
respect, some empirical contributions have already identified the role of spillovers (Lanjouw and 
Mody, 1996; Stucki and Woerter, 2012; Piscitello et al.; 2012; Aghion et al., 2015). In this literature, 
knowledge accumulation is however rather based on geographical spillovers (see Lanjouw and Mody, 
1996; Piscitello et al.; 2012; Verdolini, E., Galeotti, M., 2011; Cainelli et al., 2012; Corradini et al. 
2014 and 2015; Peters et al., 2012). Even if local, national or international spillovers and policies 
matter, an even more critical dimension for environmental innovation and environmental innovation 
policies is that clean technologies inventions can heavily depend on a set of know-how in dirty 
technologies (as in Stucki and Woerter, 2012; Aghion et al., 2015). Individual level and multi-industry 
studies are still missing when the role of inter-sectoral spillovers is at stake. 
The literature we reviewed does not examine the knowledge factors driving the amount of cleaner 
innovations at the firm level, especially regarding path dependence and intra and inter-tech spillovers 
occurring in different sectors. In the following sections, we propose to fill this gap by providing more 
general findings from a sample of large firms from diverse sectors and nations, distinguishing clean 
innovations from dirty innovations. Our contribution is the first to address clean energy innovation 
determinants by delineating the scale, the variety and the knowledge drivers of clean energy 
innovations for a large diversified sample of worldwide leading firms top R&D investors. In order to 
simplify the presentation we simply use the term large firms to designate them
10
. 
 
2. Framework and hypotheses 
The volume of inventions achieved is linked to the amount of resources invested in this specialised 
activity. The knowledge production function (Griliches, 1995) coherently delineates this relation. A 
strong knowledge base including R&D capacity (Nelson and Winter, 1982) and a well-trained 
workforce (Archibugi and Lundvall, 2001) are critical to successful innovation. A firm’s capabilities 
to achieve technological changes are of key importance and are correlated to the strength of its 
knowledge base (Nelson and Winter, 1982). This strength tends to define knowledge cumulativeness 
as a very important property of the process of innovation production (Malerba and Orsegino, 1999). In 
short, this puts forward the idea that current knowledge for innovation today provides the matrix for 
the knowledge for the innovation of tomorrow. As a consequence, one of the most important factors of 
the probability of a firm to undertake innovation in cleaner technology relies on the knowledge base 
possessed by a firm in this technological field.  
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 As previously done by Pavitt and Patel (1991). 
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The role of external knowledge is also critical. Few firms can rely exclusively on their own internal 
knowledge accumulated over time, even when it accumulates knowledge effectively. A firm searches 
for, finds, and uses external knowledge through market transactions (for instance, the practices of 
licensing in, or know-how acquired through the hiring of workers), open innovation practices and 
relevant non-market interactions (spillovers). Creating a strong internal knowledge base is a 
precondition for detecting and absorption of any piece of external knowledge produced by 
competitors, suppliers, clients or public research organizations (Cohen and Levinthal, 1990). 
Innovative activity is particularly dependent upon knowledge that can be accumulated through 
experience in the industry (Kepler, 1996). The learning process turns out to be more complicated in 
the energy sector. For instance Mowery et al. (2010) have shown in the sector of energy technologies 
that innovator-developers are not often adopter-users.  
 
With respect to technological learning, our approach is directly related to three properties identified by 
the literature. Technological change is past dependent. Through past dependent learning a firm knows 
how to implement new internal organisations for knowledge creation. Firms use embedded routines 
and consequently are less likely to make errors. This means they can produce knowledge with lower 
costs. This knowledge is likely to have a larger impact than knowledge that emerges through a trial-
and-error process of a broad temporal search (Nerkar, 2003). Technological change is also path-
dependent. Firms are reacting agents that can succeed in their new knowledge production when they 
are not locked into a particular technological knowledge base. There are constrained by their past 
decisions but remain creative, and are able to generate new knowledge by means of both learning and 
intentional innovative strategies. Doing so, they can redirect the process of knowledge accumulation 
toward new emergent technologies (Teece, 2007; Antonelli, 2011). The variety of knowledge enables 
firms to escape inertia. Through repeated re-combinations of different pieces of knowledge, 
individuals can discover an invention (Fleming and Szigety, 2006). The more an agent recombines 
knowledge, the higher the number of possible inventions. The literature also provides arguments and 
evidence where crossing bits of knowledge from diverse technological fields is likely to lead to radical 
innovation (See Zahra and George, 2002; Taylor and Greve, 2006).  
These properties are critical for firms with steady and persistent technological production (firms from 
Schumpeter Mark II model according to Malerba and Orsenigo (1997)). At some point in time, a firm 
that is specialized in a set of technologies may decide to invest in a new area of knowledge (for 
instance green energy technologies). When a firm begins to modify its knowledge base for investing 
substantially in another technology, it diversifies its technological competences. The profile of firm 
technological competences is likely to evolve slowly over time: the knowledge production process and 
fields of specialization depend on past inventive activities (past dependence) while diversification 
changes are rather seldom and somewhat incremental (path-dependence).  
A firm’s decision to invest in the knowledge related to green energy technologies therefore reflects 
process technological specialization and/or diversification. These two processes depend on the firm’s 
initial and past levels of specialization. Considering that the variety and specialization of knowledge 
can be reduced to a set of two types of technologies (clean energy technology and other technologies 
labelled as ‘dirty’ in Aghion et al, 2015 or Acemoglu et al, 2014), the commitment of firms to green 
energy technologies will depend on previous commitments to these technologies. Past accumulated 
knowledge in dirty technologies is also likely to shape present invention activity in the area, and vice 
versa. Firms have to manage learning within a technology (within clean or within dirty technologies) 
and between technologies (crossing from dirty to clean or from clean to dirty technologies).  
Firms naturally recombine technologies more frequently within the same technological field. The 
crossing learning exists but it is less productive. This is consistent with the different laws of learning 
in the context of recombination exemplified by the works of Fleming (2001, 2007). When 
recombining knowledge inventors search and choose from knowledge that is "locally” available. In 
other words they experiment in fields close to their current expertise (Cyert and March 1992) and tend 
to ignore existing paths too far from their knowledge base (Levinthal, 1997; Nerkar, 2003). Inventors 
searching to innovate in clean technologies primarily begin to investigate in fields similar to what they 
already know in terms of technological knowledge related to “clean invention”. Recently 
Dechezleprêtre et al. (2013) showed that intensity of knowledge spillovers (of all kinds) was stronger 
for clean than dirty technologies. The authors put forward two explanations for this: clean 
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technologies have more applications and opportunities than dirty technologies and are thus more likely 
to be influenced by other technologies. They also supposed that derived inventions are more likely to 
be radically new compared with dirty technologies. Indeed, the literature on absorption often 
emphasizes that external knowledge is a key input in the production of inventions but that external 
sourcing matters even more for breakthrough inventions (see Zahra and George, 2002).  
From the literature, we deduce that the impact of past knowledge accumulated in clean technologies 
(dirty technologies) should be larger than the impact of dirty technologies (clean technologies) when 
the present invention in clean technologies (dirty technologies) is at stake. At the industry level, 
Woerter et al. (2002) found that past surrounding alternative technology capacities influence clean 
technology inventions but in a moderate way compared with the surrounding clean-tech pool of 
knowledge. On individual firms belonging to the car industry Aghion et al. (2015) found similar 
results: spillovers matter for inventions in clean technologies and matter more when they are “within 
technologies”. 
Knowledge sourcing can be either an internal learning process, where firms ground their present 
inventions on their own past experience, or an external learning process, where firms draw on past 
inventive activities by other firms and public research organizations. Despite the lack of evidence, the 
importance and the excellence of national public research organizations and their ability to transfer 
their knowledge efficiently to firms could be critical, especially for local firms (Cainelli et al, 2012). 
More generally, the national institutional setting in which a corporation is embedded plays a role (see 
Breschi et al. 2003). However, firms and especially MNEs, can source knowledge in their country or 
can access knowledge abroad (Chung and Yeaple, 2008) and arbitrate among national specificities 
(Nandkumar and Srikanth, 2015). A core assumption in the literature is that local knowledge is easier 
to absorb than geographically distant (international) knowledge (Aghion et al., 2015). The volume of 
external knowledge a firm can access, its localization, as well as its balance between clean and dirty 
technologies, are thus likely to influence current decisions regarding the commitment of firms to clean 
technologies. At the industry level, Woerter et al. (2002) confirmed the dominance of internal learning 
over external learning. Their results also confirmed Jaffe and Palmer’s work (1997) showing the 
positive and significant role of international spillovers as well as the dominance of national spillovers. 
At the firm level, Aghion et al. (2015) also found a dominant effect of intra-firm learning in the car 
industry. 
 
Following the insights from the reviewed literature we propose a set of 4 hypotheses: 
 
H1. When the past stock of knowledge in clean technologies increases, the amount of clean inventions 
in the current period also increases (positive internal within learning effect). The same relationship 
holds for dirty technologies. 
H2. When the past stock of knowledge in non-clean technologies increases, the amount of clean 
inventions in the current period also increases (positive crossing learning effect). 
 
H3. For clean innovations: the effect of the internal within-firm learning effect is larger than the cross 
learning effect between firms. The same relationship holds for dirty innovations. 
 
H4. Firm knowledge absorption (inter-firm spillover effect) in the fields of clean (dirty) technology 
should have a positive impact on the number of clean (dirty) innovations. 
 
3. Methods 
This section provides information on firm patent data, variables which we built and the econometric 
model we implemented.  
3.1. Data 
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The use of patent data as a proxy for inventive activities in environmental fields of activities is now 
very common (see Brunnermeir and Cohen, 2003; Nameroff et al.; 2004; Wagner; 2007). With respect 
to clean invention patterns, particular features have been highlighted. Johnstone et al. (2008), studying 
the case of renewable energy over the period 1978-2003 for OECD countries through EPO patenting, 
record a rapid growth in wind and waste-to-energy invention activity since the mid-1990s. In this 
specific energy field, the percentage of patent applications normalised by overall patenting equals 
approximately 3% for many countries (Johnstone et al.’s paper does not provide the amount for the 
overall sample). Certain countries emerge as technological leaders (this role may be biased because of 
home or continent bias in EPO patenting), the percentage equalling approximately 6-7%, as follows: 
Austria (solar and geo-thermal), Australia (geo-thermal and ocean), Spain (wind and solar), and 
Norway (wind, solar, ocean). Denmark scores well in wind energy with a 12% share of renewable 
energy patents. Conversely, the percentages for France and the USA are only slightly above 2%.   
In our research, we used patent information including applicant names, the date of application filing 
date, inventors’ addresses and technology classification (using fractional counting)
11
. We collected 
patent data extracted from the Patstat database (version 2011) and relied on a new and large database 
of firms’patents developed at Ifris since 2008, the CIB database (Corporate Invention Board database) 
built to take into account the globalisation of corporate R&D. This database includes the selected 
priority patent applications filled between 1986 and 2005
12
 (i.e., the very first patent application as a 
novelty) without any patent office restrictions from a group of almost two thousand large firms with 
the highest R&D investments and sustained patenting activity defining for each firm a consolidated 
perimeter based on Orbis information. The list of firms studied was mainly provided by the Industrial 
R&D Investment Scoreboard 2008 (see Hernandez Guevara et al., 2010 for a recent overview of the 
scoreboard). This list was complemented by Indian and Chinese firms that declared R&D investments 
between 1999 and 2009 in the Computstat database and by names of the most important firms as 
assignees of WIPO, EPO and USPTO patents. We then collected all priority patents
13
 applied for by 
these leading firms between 1986 and 2005 (i.e., applied for by one of the firm’s entities: parent firm, 
subsidiaries, or other firms included in the parent firm after merging or acquiring)
14
 and further 
restricted our firm sample to a subset of 946 companies with sustained inventive activities (defined as 
firms with more than 5 priority patents during 1994-1996 and during 2003-2005)
15
. The building step 
of the database are shown in figure 1.  
Insert Figure 1 
These firms applied for 706 524 priority patents during 1994-1996 and 882 895 in 2003-2005 (this 
corresponds to approximately half of the worldwide priority patent applications). To determine patents 
related to clean energy, we decided to select those belonging to the Y02E classification 
16
 which 
collects inventive technologies in the field of energy that control, reduce or prevent greenhouse gas 
emissions of anthropogenic origin as set forth by the Kyoto Protocol. This classification was built 
using EPO experts that first select technologies or applications that have potential for mitigation of or 
                                                     
11
 More information on the data set is provided by Laurens et al. (2015).  
12
 When the firm database was built on an ealier version of Patstat (2009), the latest available year with a 
complete collection of patent applications in the database was 2005. For more recent years, the patent collection 
was not yet completed. 
13
 Priority patent count data have many advantages (see de Rassenfosse et al., 2013). 
14
 Using the Orbis database edited by Bureau van Dijk Electronic Publishing we defined the global ultimate 
owner (GUO) for each of the firms and identified all subsidiaries in which one of the GUOs had more than 
50.01% of shares.  
15
 See the paper by Vezzani et al. (2014) for an overview on PATSAT matched with the EU scoreboard firms in 
other technological fields. 
16
 A great deal of literature deals with the problem of the delineation of technologies in nanotech (see Foray et 
al., 2010 and references therein), in biotech (OECD, 2005) and of course in environmental technologies (see 
Oltra et al., 2010; Haščič and Migotto, 2015). The Y02E classification proposed in 2012 was a major 
improvement in identifying environmental innovation (Haščič and Migotto, 2015) and is now used by specialists 
to mitigate identification problems (Leydesdorff et al., 2015). 
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adaptation against climate change. They then define procedures to retrieve the relevant patents relying 
both on existing classifications (ICP, ECLA) and lexical analysis of abstracts or claims. (EPO, 2010, 
Veefkind et al., 2012 for details). As these procedures remain undisclosed, users are prevented for 
knowing if a given technology is included or not. However, since it combines both classifications and 
lexical analysis made by experts of each technology, it would seem to us to be a reliable database to 
broadly investigate energy greentech, saving time and human resources which would be required to 
build our own energy greentech database. The Y02 classification is now widely adopted by researchers 
using greentech patents (Bointner, 2014; Frankhauser 2013, Laurens et al., 2015). Other databases 
have been built to delineate greentech or environmentally friendly technologies, for example the 
“Green Inventory” developed at WIPO and “ENV-Tech” set up by OECD. Both of these rely only on 
a selection of IPC codes. In order to focus on a specific type of technology or application, it is still 
necessary to build one’s own database and Green Inventory or ENV-Tech may constitute a good 
starting point. Many strategies (or combined strategies) can thus be used based on selection of class, 
lexical analyses
17
, patent citations for more precise delineation (Corrocher et al., 2007; Cecere et al., 
2014).  
From 1986 to 2005, our set of firms applied for 99 773 Y02E priority patents. During the period 1994-
1996, 1.62% (11 445 patents) of all our firms’ patents belonged to theY02E classification. This share 
grew to 2.30% (20 273 patents) in 2003-2005. Despite this increasing share of clean inventions in the 
firm patent portfolio, the contribution of large firms to all worldwide energy clean technology 
patenting declined over the period. However, their contribution to technology remained higher in clean 
inventions than in other technologies. 
The Y02E label covers a large range of clean energy technologies. In our final corporate patent 
dataset, 68.2% of the patents were in the field of “Technologies with contribution to GHG emissions 
mitigation” (this covers energy storage (batteries) (44.8%), fuel cells (17.1%), hydrogen technology 
(2.2%)), 18.4% related to “Renewable energy sources” (including photovoltaic (13.3%), wind (1.8%), 
thermal solar (1%), hydro (2.1%), oceanic (0.7%) and geothermal (0.1%) energies), 3.4% were in 
“Nuclear Energy”, 2.6% were in “Technologies for the production of fuel of non-fossil origin” 
(biofuel (0.7%), from waste (1.9%)), 2.6% were in “Combustion technologies with mitigation 
potential” (Combined Heat and Power) and 2.6% were in “Technologies for efficient electrical power 
generation, transmission or distribution”. 
Insert Table 1 
Insert Table 2 
 
Tables 1 and 2 show a firm’s distribution, total patents and clean energy patents according to the 
firm’s global headquarters location. In North America and Europe, the share of firms largely exceeds 
their share of patents, whereas the opposite is true for Asia (where one quarter of firms produce more 
than three quarters of the patents). This overwhelming contribution of Asian patents is largely the 
consequence of the institutional bias induced by counting priority patents
18
. However, this does not 
prevent an unbiased comparison of the share of clean patents of a group of firms (from a given country 
or industry) with the share of the same group when considering all technologies. In European countries 
(with the exception of France due to its specialization in nuclear energy) and in the United States, 
firms’ commitment to clean energy patenting is significantly lower than in all other Technologies. The 
opposite is observed for Japanese firms (cleantech intensity, i.e., the share of clean patents/share in all 
patents, is 3/4 in Japanese firms, ½ in US and 2/3 in Germany). Two industries contribute to more than 
                                                     
17
 In our opinion, lexical analysis is a powerful tool to retrieve scientific publications in a given field, but is less 
adapted for patents where lexical terms are often less meaningful. 
18
 It counts as equal those patents applied for in different patent offices where the rules for patenting can differ to 
a large extent. For example, the level of inventiveness to apply for a patent is Japan is lower than in patent 
offices in western countries. However counting priority patents avoids national bias, encompasses all patents 
without any selection. Furthermore, using the first application for the first invention, means that the filing date is 
closer to the invention date.  
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50% of clean energy patenting, “Industrial goods & services” and “Automobiles & parts”
19
, the latter 
being more focused on clean energy patenting (cleantech intensity: 1.8 (= 26.2/14.8 from table 2) than 
the former (1.1 (= 28.7/27.3 from table 2)). Not surprisingly, the “Utilities” industry is also intensively 
focused on clean patents (intensity of 5), but this sector contributes only 3.6% to clean energy 
patenting. 
3.2. Variables definition,  
Explained variables 
PAT
k
i is the flow of patented inventions over the 2003-2005 period. Each invention is counted once 
using the priority number or patent family whenever the patent is filed in several countries. There is no 
weight assigned to the quality of the patented innovation. Counting is fractional; firms may share 
properties with co-applicants. In this case, we consider a weight that is the inverse of the number of 
co-applicants. Nevertheless, counting cannot be considered as continuous; to preserve the counting 
property, the number of fractional patents is grounded. k is the technology embedded in the invention. 
In this article, k is a set reduced to two types of technologies in accordance with Aghion et al. (2012): 
clean technologies (C thereafter) and dirty technologies (D thereafter). Thus, a single firm can produce 
inventions in both fields. In addition to the count variable PAT, we also defined LPAT as log 
(PAT+1). 
Explanatory variables 
The following are the two main explanatory variables: 
1. Own Stock Clean Patents a proxy for a firm’s learning capacity in the field of clean energy 
technology. 
2. Own Stock Dirty Patents a proxy for a firm’s overall learning capacity (all technological fields 
except clean technologies) 
The two Firm patent stocks are computed for the period 1986-2002. We use the perpetual inventory 
method (Cockburn and Griliches, 1988). However, this is approximated using the cumulated 
inventions over the 1986-2002 period: 
K
k
it = PAT
k
it + (1-δ) K
k
i,t-1  
where k=C, D (C= clean, D= dirty). We use a knowledge depreciation rate, δ, which is 15%. This 
choice is subjective but is one often adopted in the R&D literature. Addressing top R&D investors, 
who are likely to be at technology’s edge, the depreciation rate is likely to be biased towards a higher 
level. We therefore consider 20% and 30% for robustness checks. Note that the stock of patents is 
computed based on the localisation of the inventors. We thus implicitly assume that knowledge 
circulates easily inside our large firms.  
In addition to the two firm patent stocks of knowledge, we compute the stock of potential knowledge 
spillovers likely to be absorbed by firms. This establishes a proxy for a firm’s capacity to absorb 
knowledge related to clean (or dirty) technologies from other firms. The computation of 
SPILLOVERS
k
i, with k = C, D, is the stock of knowledge produced by other entities that firms can 
access and benefit from. These are computed in a similar manner to K, the stock of firm knowledge. 
Hence, the spillovers variable takes into account the externalities coming from other firms or 
individuals but also covers the set of inventions made by public research organisations. We consider 
the localisation of inventors as in Aghion et al. (2013), to differentiate the accessibility of knowledge 
for firms depending on the localisation of their R&D facilities (inventors’ location). We consider that 
firms are more likely to access external knowledge if their inventors are close to knowledge producers. 
Two geographic zones are taken into account. First is the domestic zone where firms that are 
considered from a country m are likely to access the national stock of knowledge. Thus, using the 
                                                     
19
 The strong commitment of car manufacturers to clean patenting is linked to the boom of patents in batteries 
and fuel cells since the late 1990s. They represent more than half of the clean patents of our dataset. 
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personal address of inventors, we compute s
h
i as the share of firm i’s inventions invented in its home 
country h between 1986 and 2002. We thus can define s
f
i = (1-s
h
i) as the share of firm i’s inventions 
invented abroad between 1986 and 2002. For example, a US firm with a stock of 1000 inventions over 
the 1986-2002 period with 150 inventions created in the USA has s
h
i= 0,15 and s
f
i = 0,85. In 
accordance with the previous definition of knowledge stock, we can compute the knowledge stock 
between 1986 and 2002 accumulated by worldwide organisations other than firm i. We distinguish the 
national stock of knowledge , which is the pool of clean or dirty knowledge produced in the 
home country h of firm i likely to be received by firm i, and the national stock of knowledge , 
which is the pool of foreign clean or dirty knowledge produced in all the foreign countries, f, that are 
also likely to be received by firm i: 
We thus define the spillovers likely to benefit to firm i as: 
 
where k= C, D. We thus assume that a firm with only national R&D facilities will not be able to access 
the world’s pool of knowledge. However, firms exclusively conducting their R&D abroad will not be 
able to assess and benefit from the knowledge produced in their home country by competitors or other 
organisations. Still, they are likely to absorb knowledge produced abroad either by other firms or by 
foreign public research labs, and thus benefit indirectly from other countries’ environmental policies. 
We did not further compute dirty and clean si indexes based on technologies: the share of clean in its 
home country and the share of clean inventions filed abroad. Doing so, we considered that the 
experience with invention is generic: experience with dirty tech allows firms to benefit from clean tech 
knowledge pools and experience with clean tech also allows firms to benefit from the knowledge pool 
on dirty tech. In this setting, a firm experienced in dirty technologies and entering clean tech thus will 
potentially benefit from previous inventions made in clean tech by other firms at the national and 
international level
20
.  
An important point is that, in order to facilitate the interpretation of coefficients, the different 
explanatory variables defined above are taken in logarithm
21
.  
At the firm level, we defined additional variables to control for sectoral fixed effects. Using the OECD 
classification of industries and services, we defined six different dummies based on the industry R&D 
intensity: Low Tech, Medium Low Tech, Medium High Tech, High Tech, Knowledge intensive 
services (KIS) and Low Knowledge Intensive service (LKBIS=1) sectors (Eurostat). We further 
defined a set of industries in which energy is core and thus innovation around clean technologies is 
critical. The definitions of these variables are detailed in appendix 1.  
In order to take into account the differences among countries, we further controlled for the national 
heterogeneity introducing national dummies or national variables. Differences in national market size 
and wealth are likely to influence the ability of firms to develop new technologies particularly in the 
fields of clean technologies. The first dimension is proxied by GDP and the second by GDP per capita. 
In accordance with the large number of countries we have in our dataset, we cannot approximate the 
role of the various national policies in clean energies on the different affiliates over the period. 
Nevertheless, some countries may belong to economic areas with their own technology policy. Despite 
the difficulty to observe the different context and policies, we proposed a set of additional variables in 
                                                     
20
 Considering that dirty and cleantech are distant technologies and that two distinct absorptive 
capacities are then deployed by firms, alternative solutions would be to compute 
 or . 
21
 When the K variable is null, the value of K is set to log (0.001). Certain R&D investors did not file any 
invention over the 2003-2005 period. In this case, the explained variables are adjusted and set to log (0.001) with 
dummy variables set to 1 when this adjustment occurs. 
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order to control for the role home country effects. A set of country fixed effect is first introduced. In 
order to grasp the important differences exist in policies, including regulatory stringencies. In order to 
control for this possible policy, we defined a EU and USA dummy that is set to 1 for countries 
belonging to the EU or the USA, respectively, and set to 0 otherwise. A set of national variables are 
also proposed to control for the role of home effects: using the World Bank database we can 
introduced per capita CO² emissions, total CO² emissions from fossil-fuels and cement production, the 
percentage of forest area or the percentage of protected area in order to approximating cleantech 
opportunities and the possible importance of related cleantech policies. 
 
3.3 Econometric strategy 
To cope with the PAT variable, we implemented a negative binomial count model. We defined two 
cross-sectional models. Our main model explaining clean patents and the second model explaining 
dirty patents. The exponential models are respectively:  
 
and 
 
A negative binomial is sustained compared with Poisson because we rejected the hypothesis that the 
dispersion parameter alpha is null 0 for the different regressions with a Likelihood-ratio test
22
. This 
suggests that the explained variables are over-dispersed. The model was estimated by the maximum 
likelihood that is a basic estimation method in count models. Le log-likelihood function is concave and 
the maximum is obtained using a Newton-Raphson algorithm. The estimator is consistent and 
efficient. However, some difficulties may arise when is introduced some feedback effects and may not 
respect the strict exogeneity assumption (See Aghion et al., 2013 for a discussion). The problem, that 
is usually emphasized for panel data, is not tackled in our cross-section model.  
In addition, we proposed an OLS estimator using the logarithm of PAT, such as LPAT=log (PAT+1). 
In both cases, the coefficients of interest can be directly interpreted as elasticities and thus directly 
compared: in the count model specification, K
c
 is the number of clean data over the 1986-2002 period 
but K
c
 is in logarithm. Consequently, the log of PAT is equal to  multiplied by the log of patent 
stock.  can thus be directly interpreted as an elasticity. The coefficient for the count model is thus 
also directly comparable to the coefficient identified with OLS that is specified as a log-log model
23
.  
 
The predictions are as follows: 
a) Path dependence should imply a positive impact of a firm’s stock of knowledge. This effect is 
expected in both types of technology according to H1. As a consequence, , and 
.  
b) H2 tell us that  (but we do not hypothesize that ).  
                                                     
22
 Testing α=0 with  
23
 The only difficulty for the reader will thus be thus the interpretation of the coefficients of the dummy control 
variables, when  departs from 0. In this case, the magnitude of the coefficient is computed comparing the patent 
number predicted when the dummy set to 1 and set to 0 ( ) and cannot be interpreted 
directly anymore since =ln(1+r) departs from r.  
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c) H3 assumes an intra-technology dominant effect , and  
d) For clean (dirty) technology, we expect (see H4) a higher impact for intra-technology 
spillovers  and . 
We cannot exclude the existence of negative spillovers, indicating a substitution between the two 
technologies. When less dirty knowledge is available outside of the firm, the firm is more likely to 
invest in clean technologies, whereas when less clean technologies knowledge are available, the firm 
continues to invest in dirty technologies (hence,  and ). However, we chose not to 
develop any related additional hypothesis here. The robustness of the parameters is tested with 
alternative depreciation rates, specifications and samples. A particular attention is paid to control home 
country effects clustering residuals on country names.  
 
4. Results 
Among the 946 top R&D investors, 100% filed at least one invention patent over the 2003-2005 
period. Forty-five percent of these firms also filed at least one patent in clean technologies over the 
same period. Although, on average, more than 21 clean inventions were filed per company, the mean 
surges to 47 for the 431 firms active in clean patenting. The descriptive statistics are reported in 
appendix 1 showing that, on average, patent portfolios contain approximately 930 patents. More 
specifically, 38 firms (4%) were active in cleantech during both periods (2003-2005 and 1986-2002). 
Hence, 10% of the firms that were active in cleantech during the 1986-2002 period succeeded in 
remaining active in this domain during the subsequent three years. In addition, 69% of firms with dirty 
inventions during the 1986-2002 period became active in cleantech during the subsequent three years. 
This result means that cleantech rapidly became a vibrant patenting field in which 91% of firms were 
newcomers during the 2003-2005 period. The firms involved in dirty technologies patents were more 
likely to belong to high tech industries or KIB services than firms patenting in cleantech areas. Firms 
active in cleantech were more likely to belong to low-medium tech or medium-high tech industries. Of 
course, many of these firms belong to energy sectors. Firms from wealthy countries or large countries 
were not more likely to be active in cleantech. However, firms from EU countries were less likely to 
be cleantech-oriented than firms from other countries.  
Econometric results are reported in Table 3.  
There is a robust positive association between the (past) capital of knowledge accumulated related to 
clean technologies and the number of clean inventions, after controlling for the effects of industry, 
nation and other factors (H1 cannot be rejected). A firm with a 1986-2002 stock of patents in cleantech 
with a 10% growth in patents is likely to increase its 2003-2005 stock by 7.5%. This result supports 
our first hypothesis H1 and the idea that learning effects fully operate in the field of clean 
technologies. According to H1, a within learning effect can also come from the production of dirty 
technology inventions. Table 3 shows that increasing the firm’s stock of knowledge in dirty 
technologies by 10% increased the amount of dirty inventions by 9% over the 2003-2005 period.  
Firms having a strong, consistent history in dirty technologies can also innovate in clean technologies. 
Increasing the firm’s stock of knowledge in dirty technologies by 10% increased the amount of clean 
inventions by 24.6% over the 2003-2005 period. This result supports H2. However, firms with 
experience in dirty technologies are much more able to develop new dirty inventions from their past 
activities in dirty technologies than to develop new inventions in clean technologies (comparing 0.91 
with 0.25 in col. 2 and col. 1 in Table 3). 
Firms accumulating large technological experience in other technologies are thus better placed to 
obtain higher productivity in the production of clean inventions. This cross-technology learning effect 
internal to the firm is however small: the impact of internal (to the firm) cross-learning on the number 
of clean inventions produced is approximately 3 times lower than the impact of the experience in 
clean-tech (0.25 to be compared to 0.75 in col. 1, Table 3). The gap between the two elasticities is 
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significant (Wald critical value is 63.4, p<0.01) and, thus H3 cannot be rejected. Past investment in 
clean knowledge activity “pays” more than investment in other types of knowledge activity for current 
clean inventions.  
Furthermore, Table 3 reveals that past experiences in cleantech are useless for present dirty inventions 
(elasticity is 0.012, not different from 0). Hence, although intra-technology learning is found to be 
strong over time, intra-firm crossing-technological learning switches from dirty technology fields to 
clean technology fields: However, there is no evidence that the opposite is true.  
Our results regarding H1 to H3 are robust and in accordance with previous results obtained at the 
individual level in one industry (Aghion et al., 2015). At the industry level (Stucki and Woerter, 2012) 
our results are robust regarding the positive intra-tech learning and the asymmetric learning effect 
between clean and dirty technologies. Table 4 provides a comparison between our estimated 
coefficients and those emanating from the two papers cited immediately above. The main difference 
relies on the magnitude of learning effects, which are larger than in our data. Our results are very 
similar to Stucki and Woerter’s elasticities obtained at the sectoral level, including the similarity in the 
gap between intra-technology and crossing technology learning. However, the magnitudes of intra-
sectoral learning are found to be approximately twice as high as those for firms in the car industry 
(Aghion et al., 2015). Our interpretation is that learning is much higher for top R&D investors (which 
constituted the firms of our sample) than for firms in car industry which encounter more difficulties in 
capitalising on their own knowledge.  
Insert Table 3 
This finding highlights that large firms’ technological accumulation (our sample solely encompasses 
large, worldwide firms) may be a useful lever for increasing clean invention productivity. Investing in 
technology in the past, irrespective of the type, could be beneficial for producing clean inventions. In 
other words, the firm’s entire technological experience (dirty technologies included) is not lost in 
clean energy technologies. Of course, if technological experience is achieved through investment in 
clean technologies then that is better. Consequently, path dependence at the firm level is characterised 
by a twofold process affecting clean technologies improvements. The effect of internal learning on 
current inventive activity is also found to be lower for clean technologies than for dirty technologies 
(also confirmed by Aghion et al., 2015). This may be because the class of clean technologies is 
younger than the class of dirty technologies. Consequently, knowledge is more difficult to codify. In 
addition, it is more difficult to identify the opportunities associated with new knowledge. The 
identification and exploitation of opportunities are much easier for dirty technology inventions where 
opportunities are reduced but where there is a longer past experience which is easier to exploit. 
 
Insert Table 4 
 
The world’s leading inventors are also found to be influenced by other knowledge producers. Firms 
more exposed to larger stocks of clean inventions created by others are significantly more productive 
in clean inventions. This indicates that, in addition to an internal learning effect on clean technologies, 
a learning of external knowledge produced at the national or international level in cleantech fields 
occurs. The elasticity on clean spillovers is 0.5. The hierarchy of coefficients is in accordance with 
previous results (Stucki and Woerter, 2012; Aghion et al., 2015). The spillover effect is found to be 
smaller than the internal learning effect in clean technologies fields. However, a Wald test suggests 
that the equality between the two elasticities cannot be rejected (the Wald critical value is 0.74, 
p>0.38). The magnitude of spillovers is also found to be larger than the internal learning occurring 
across technologies. The difference is no longer significant (the Wald critical value is 1.58 and 
p>21%). The negative effect of dirty spillovers is also in accordance with previous results (Stucki and 
Woerter, 2012; Aghion et al., 2015) and reminds us that a dynamic dirty technologies environment 
surrounding environment hampers the development of cleantech activities. However, our different 
models failed to identify any positive effect of dirty spillovers on dirty technology inventions. A dirty 
environment does not impact the production of dirty knowledge. As a consequence H4 cannot be 
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rejected for clean innovations. The results show that spillover effects are found to be weaker than 
internal learning effects. In dirty technology fields, learning appears to be purely internal. Once more, 
our results are in accordance with previous results
24
 (Stucki and Woerter, 2012; Aghion et al., 2015). 
 
Our results for control variables are consistent with expectations. They first show the role of 
technological opportunities approximated by industry fixed effects. The firms in medium-high tech 
industries are more productive (by e
0.34
-1 = 40%) with respect to clean technologies inventions, than 
firms in other industries. Firms in high-tech industries are found to be more productive in dirty (i.e., 
not clean) technological changes (+27%). These finding are not surprising. In the first category, we 
find firms from sectors making large efforts to economise and “clean” energy such as manufacturers of 
chemicals, electrical equipment, and motor vehicle. In contrast, it is widely acknowledged that firms in 
high-tech sectors mainly concentrate their R&D efforts on very new technologies and do not consider 
clean inventions as a priority. Knowledge intensive business services (KIBS) are also found to consist 
primarily of firms patenting more than low-tech firms in cleantech (+39%). We also added a dummy 
for firms operating in the energy sector. These firms are significantly more productive in clean 
technology changes but also are productive in “dirty” technological inventions (respectively, +36% 
and +35% of the number of patents). In other words, there are many innovations in many directions. 
The country variables tell us that the economic size of the country plays a similar negative role in firm 
inventive productivity (regardless of the type of technology). However, this effect is significant only 
for 10% for clean inventions. Thus, national market size does not appear to be a lever for firms to 
produce new inventions. Large firms from small countries are likely to be more active than others. The 
technological level of the country (as measured by the variable GDP per capita) also has a significant 
and negative impact on a firm’s clean invention productivity or dirty invention productivity. However, 
the magnitude of the negative impact of the technological level (the same as for dirty technological 
change) is two times high for clean patents than for dirty patents (elasticity is -0.33 and -0.16, 
respectively). In other words, country size and wealth do not appear to be significantly related to the 
ability of large firms to produce knowledge in clean fields. An EU dummy was not found to be 
influential on clean technologies, although it did significantly lower the number of dirty inventions. 
This result suggests that EU policies and regulations do not help firms to develop new clean 
technologies. However, these policies and regulations genuinely hamper the development of dirty 
technologies (–14.7%). The introduction of a USA dummy brings collinearity problems with the GDP 
and spillovers variables. The results (not reported) show however that firms based in the USA are 
patenting about 60% less in clean technologies than the firms settled elsewhere. It further underlines a 
significant gap between the USA and EU about the same magnitude suggesting that the regulation and 
energy policies are less stringent in the USA. 
Our results are robust to many different specifications (available upon request). Different obsolescence 
rates, clustering residuals on country names, and using a log-log model, (refer to the note in Table 5 
for further details) did not modify the results regarding our hypotheses. Further robustness checks 
were performed. Additional variables were first introduced. For example, at the firm level, we 
controlled for the firm labour productivity. At the national level, we also controlled for technological 
diversification or market concentration without challenging our results. At the country level, we tried 
to further control for national heterogeneity by introducing national variables from the World Bank 
database (per capita CO2 emissions, total CO2 emissions from fossil-fuels and cement production, the 
percentage of forest area or the percentage of protected area) approximating cleantech opportunities 
and the importance of cleantech policy. None of these national variables was found significantly 
related to invention levels in our different specifications. To check for possible sample biases, we 
finally tested our two main models on different subsets of countries. Removing Asian countries 
(excessively voluminous domestic patenting), small countries (headquarters in Singapore, Hong Kong, 
Lichtenstein, and Panama), and the energy sector did not change our results regarding our hypotheses. 
                                                     
24
 Two variables not included in the final estimation have no impact: the firm level of R&D internationalisation 
and the degree of firm technological diversification.  
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When solely USA firms were considered or when they are completely removed from our sample, H1 
to H3 continued to hold, but spillover effects were no longer significant.  
Insert Table 5 
Conclusion 
This paper uses a large patenting data set related to inventions produced by 946 large firms (i.e. 
global firms funding R&D activity at large scale). Thanks to a new EPO classification, we were able 
to assess the level and the evolution of their clean (energy) inventions. We showed that overall, they 
produce increasingly fewer clean inventions (down from 75 % to 50% of the worldwide flow in the 
last time period under observation).  
Our main results concern the positive effects of knowledge capital (in clean and not-clean 
technologies) on a firm’s innovative performance in clean innovations. We find that the generation of 
technological knowledge is an historic process characterised by clear elements of path-dependent 
persistence. The specific endowment accumulated in the past and represented by the firm’s stock of 
technological knowledge, has effects on the current capability of firms to generate new technological 
knowledge. We provide empirical evidence for the fact that path-dependence also relies on a 
crossing-technological learning process: firms involved historically in dirty patenting are more likely 
today to produce clean inventions. Furthermore, our study puts forward the key role played by 
technological spillovers making the production of new technological knowledge possible. In addition 
to this internal (to the firm) learning effect, external-related knowledge learning in clean technologies 
area occurs, supporting the idea that firm knowledge absorption has a positive impact on the amount 
of clean innovation. However, due to the multinational nature of our large firms, we cannot 
disentangle their national and international origins. The results on spillovers are also in accordance 
with the literature, suggesting that strategic spillovers may be not dominant in industry compared 
with technological spillovers. In other words, our results could suggest that top players may not file 
patents primarily for dissuasion purposes. They also confirm the recent insights on the production of 
firm new knowledge and particularly provide support to theoretical advances regarding the complex 
process of path dependence and firm innovation persistence (see Le Bas and Scellatto, 2014; 
Antonelli and Colombelli, 2013).  
In contrast to previous studies, our results appear more general (unlike the Aghion et al. 2015 study 
which focused on a single industry) and more relevant because they are directly connected to the 
decisions taken by firms which constitute the basic unit of analysis (unlike the paper by Stucki and 
Woerter 2012 who carried out their analysis at the industry level). Finally, our findings bring a likely 
explanation for the evidence that the clean innovation machine has not yet been fully activated 
(Aghion et al., 2009; Stucki and Woerter 2013). Learning takes time and so one must wait before 
highly productive research in clean technologies can be triggered. To our knowledge, this point has 
not been emphasised thus far.  
With respect to policy implications our study provides interesting implications. The fact the firms 
with a dense history of clean inventions are more productive in that field should encourage public 
authorities to provide incentives to the firms to target, very early on, their R&D investments in that 
direction. Conversely, because of the fact the firms having a consistent capital of knowledge in dirty 
technologies can innovate in clean technologies as well, they have opportunities for creating a capital 
of knowledge in clean energy technologies. Consequently, a high level of commitment in 
technological activities may be a lever for “cleaning technological development”. Direct and indirect 
support must be provided to firms to help them to derive clean technology from their experience in 
dirty technologies, specifically, support for the training and hiring of complementary human 
resources needed to elaborate new clean knowledge from old dirty knowledge (for support see 
Antonioli et al., 2013). Our results on past dependence suggest that barriers may limit access to clean 
technology production for new firms legitimating the particular actions implemented for start-ups 
operating in clean fields. Still, these policy implications are country based. Our results also suggest 
that the country context may be not critical for top R&D players. Firms sourcing knowledge abroad 
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are likely to benefit from different national clean technologies policies. They have to arbitrate 
between different institutional systems.  
Future extensions have previously been expected. To mitigate the well-known problem that many 
patents have no value or that home effects can bias our results, we expect to use triadic patent 
families to check the results robustness. What would be more interesting would be to account for why 
incentives may be different in energy sectors. Additional controls for sectoral policies and 
specialization could be introduced in order to explain such results. A second interesting follow-up 
study of the work we introduce here could be to check whether our results on path dependence apply 
to different types of clean energy technologies (as pictured in Popp et al., 2011 for example) such as 
renewable energy sources. Finally, despite efforts to consider cleantech policies, the role of public 
research organizations is still overlooked in our types of model which pool academic and non-
academic knowledge. One major contribution to the literature on knowledge accumulation in 
cleantech fields would be to disentangle academic patenting (e.g. Lissoni et al., 2013) in order to 
identify its influence on top cleantech players.  
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Appendix 1. Descriptive Statistics 
When stock values are 0, the value 0.001 is added to compute the log. 
For manufacturing firms: HT is set to 1 if the firm belongs to the 244, 300, 321–323, 331–335 and 353 industries from the NACE 
classification (rev 1). MH is set to 1 if the firm belongs to the 241–243, 245-247, 291–297, 311–316, 341–343, 352 and 354-355 industries in 
the NACE classification (rev 1). ML is set to 1 if the firm belongs to the 231–233, 251, 252, 261–268, 271–275, 281–287, and 351 industries 
in the NACE classification (rev 1). LT is set to 1 if the firm belongs to the 151–159, 160, 171–177, 181–183, 191–193, 200–209, 210–219, 
220–229, 361–366, 371, and 372 industries in the NACE classification (rev 1.1). For service firms, the codification is the following: KIS is 
set to 1 if the firm belongs to the 40, 41, 61, 62, 64-67, 70-74, 80, 85 and 92 industries in the NACE classification (rev 1). LKIS is set to 1 if 
the firm belongs to other services. 
 
 
 All N=946 With Clean technologies N=431 Dirty technologies Only N=515 
Variables Mean S.D. Mean S.D. Mean S.D. 
       
EXPLAINED VARIABLES       
   Number of Clean Patents 
(2003-2005) 
21,45 108,95 47,09 157,72 0 0 
   Number of Dirty Patents 
(2003-2005) 
911,88 3503,07 1865,27 5022,24 113,99 245,97 
       
EXPLANATORY 
VARIABLES 
      
  Firm level       
Own Stock Clean 
Patents (log KC) 
-1,73 4,50 1,67 3,25 -4,58 3,26 
No previous Clean 
Patent 
0,39 0,49 0,09 0,28 0,65 0,48 
Own Stock Dirty Patents 
(log KD) 
5,56 1,82 6,71 1,74 4,61 1,25 
Clean Spillovers (log 
SPILLC) 
9,47 1,01 9,62 0,88 9,33 1,09 
Dirty Spillovers (log 
SPILLD) 
13,53 0,90 13,63 0,74 13,45 1,00 
Low Tech 0,13 0,33 0,11 0,31 0,14 0,35 
Medium-Low Tech 0,06 0,24 0,08 0,27 0,05 0,22 
Medium-High Tech 0,30 0,46 0,38 0,49 0,23 0,42 
High Tech 0,32 0,47 0,26 0,44 0,37 0,48 
KIB Services 0,15 0,36 0,13 0,34 0,16 0,37 
Non KIB Services 0,04 0,19 0,03 0,18 0,04 0,20 
Energy Sectors 0,15 0,36 0,22 0,42 0,09 0,28 
  National level       
     GDP (log) 28,63 1,37 28,62 1,24 28,63 1,47 
     GDP per capita (log) 10,44 0,48 10,40 0,52 10,48 0,43 
     EU country 0,37 0,48 0,30 0,46 0,43 0,50 
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Table 1. Distribution of firms, clean inventions and patenting, by firm countries 
Country of firms 
Firm share 
(%) 
Share of clean 
patents (%) 
Share of all 
patents (%) 
North America 35.2 6.0 11.8 
     United States 34.0 5.7 11.5 
Europe 36.9 6.9 10.2 
     Germany 9.2 3.9 5.9 
     United Kingdom 6.2 0.2 0.5 
     France 5.3 1.8 1.6 
     Italy 1.2 0.1 0.1 
     Small countries * 7.2 0.6 1.0 
     Nordic countries ** 6.4 0.3 1.0 
Asia 27.3 87.1 77.9 
     Japan 23.2 83.1 62.0 
     Korea 1.5 3.4 13.7 
World 100.0 100.0 100.0 
*: Austria, Belgium, Netherlands, Switzerland 
**: Denmark, Finland, Norway, Sweden 
 
26 
 
 
Table 2: Distribution of firms, clean inventions and patenting by industry 
Industrial sectors 
Firm share 
 (%) 
Share of clean 
patents (%) 
Share of all  
patents (%) 
Industrial Goods & Services 28.4 28.7 27.3 
Automobiles & Parts 9.9 26.2 14.8 
Personal & Household Goods 7.0 13.2 14.5 
Technology 17.8 11.1 24.0 
Chemicals 9.4 9.8 10.3 
Utilities 2.3 3.6 0.7 
Basic Resources 2.9 2.6 2.0 
Media 0.5 1.5 1.1 
Construction & Materials 3.5 1.4 1.0 
Oil & Gas 2.7 1.0 1.0 
Telecommunications 1.3 0.6 1.8 
Health Care 11.3 0.3 1.3 
Banks 0.6 0.0 0.0 
Retail 1.0 0.0 0.1 
Financial Services 0.5 0.0 0.0 
Insurance 0.1 0.0 0.0 
Travel & Leisure 0.7 0.0 0.1 
  Total 100.0 100.0 100.0 
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Table 3. Main Results 
Column (1) (2) (3) (4) (5) (6) (7) (8) (9) 
Estimator Neg.Bin. Neg.Bin. Neg.Bin. Neg.Bin. OLS OLS SURE OLS 
Technology Clean Dirty Clean Dirty Clean Dirty Clean Dirty Clean/Dirty 
Specificity 
15% rate 15% rate Clusterised s.e.  
on country 
Log(PATC+1) Log(PATD+1) Log(PATC+1) Log(PATD+1) Log(PATC+1)- 
Log(PATD+1) 
Own Stock Clean Patents (log KC) 0,753*** 0,012 0,589*** 0,016 0,589*** 0,016 0,589*** 0,016 0,572*** 
 (0,032) (0,017) (0,020) (0,015) (0,017) (0,017) (0,057) (0,022) (0,020) 
Own Stock Dirty Patents (log KD) 0,246*** 0,914*** 0,133*** 0,932*** 0,133*** 0,932*** 0,133*** 0,932*** -0,800*** 
 (0,038) (0,018) (0,021) (0,020) (0,019) (0,019) (0,014) (0,027) (0,023) 
Clean Spillovers (log SPILLC) 0,547** 0,066 0,318** -0,022 0,318** -0,022 0,318 -0,022 0,339** 
 (0,233) (0,125) (0,143) (0,130) (0,128) (0,128) (0,234) (0,255) (0,150) 
Dirty Spillovers (log SPILLD) -0,629** -0,167 -0,355** -0,016 -0,355** -0,016 -0,355 -0,016 -0,339** 
 (0,275) (0,141) (0,156) (0,147) (0,143) (0,143) (0,246) (0,275) (0,167) 
GDP (log) -0,093* -0,109*** -0,028 -0,049* -0,028 -0,049** -0,028 -0,049 0,021 
 (0,054) (0,024) (0,026) (0,030) (0,025) (0,025) (0,027) (0,053) (0,029) 
GDP per capita (log) -0,331*** -0,164*** -0,103** -0,127* -0,103** -0,127** -0,103 -0,127 0,023 
 (0,102) (0,058) (0,051) (0,071) (0,052) (0,052) (0,079) (0,131) (0,061) 
EU country 0,018 -0,159** 0,002 0,011 0,002 0,011 0,002 0,011 -0,010 
 (0,143) (0,067) (0,075) (0,080) (0,071) (0,071) (0,075) (0,154) (0,084) 
Medium-Low Tech 0,074 -0,135 0,111 -0,106 0,111 -0,106 0,111 -0,106 0,217* 
 (0,203) (0,106) (0,111) (0,100) (0,107) (0,107) (0,075) (0,117) (0,126) 
Medium-High Tech 0,338** 0,015 0,215*** 0,040 0,215*** 0,040 0,215*** 0,040 0,175** 
 (0,148) (0,073) (0,076) (0,071) (0,074) (0,074) (0,072) (0,095) (0,087) 
High Tech 0,002 0,239*** 0,052 0,148** 0,052 0,148** 0,052 0,148** -0,096 
 (0,161) (0,073) (0,074) (0,073) (0,075) (0,075) (0,064) (0,065) (0,087) 
KIB Services 0,333* 0,110 0,161** -0,033 0,161* -0,033 0,161*** -0,033 0,194** 
 (0,175) (0,083) (0,081) (0,087) (0,084) (0,084) (0,061) (0,073) (0,099) 
Non KIB Services -0,099 -0,009 0,076 0,056 0,076 0,056 0,076 0,056 0,019 
 (0,269) (0,127) (0,110) (0,100) (0,127) (0,127) (0,113) (0,125) (0,149) 
Energy sectors 0,314*** 0,299*** 0,149** 0,217*** 0,149** 0,217*** 0,149*** 0,217*** -0,067 
 
(0,114) (0,065) (0,074) (0,067) (0,066) (0,066) (0,051) (0,050) (0,077) 
Intercept 7,835*** 6,360*** 3,375*** 2,729** 3,375*** 2,729*** 3,375** 2,729 0,646 
 
(2,114) (1,040) (1,032) (1,274) (0,996) (0,996) (1,484) (1,912) (1,167) 
Log-Likelihood -1 724,82 -5 606,04 -953,49 -1 858,22 -953,34 -953,34 -1 104,04 -953,49 
chi2 1 276,912 2 392,397 4 539,804 10 021,125 293,617 1 600,782 114,154 443,199 
Notes: *,**,*** significant at 10%, 5% and 1% levels. The number of observations is 946. The explained variables in Columns (1) and (2) is the number of patents filed on the 2003-2005 period, rounded to the upper 
number. The depreciation rate is 15% in all the columns. Country level variables: GDP, GDP per capita are 2002 variables. Industry level: 3 industry dummies according to the technological level (OECD classification 
extended to services), KIBS and non-KIKBS dummies as well asan energy dummy. Low Tech industries are taken as a reference. A dummy is introduced when the weighted stocks of patents are null (not reported). A 
negative binomial model is implemented because overdispersion is found significant in every count model. In columns (3) and (4), standard errors are clustered on country names to take account of unobserved national 
policies likely to influence the strategies of firms belonging to the same country. In Column (9) we have the difference of logarithms or, in other words, the relative importance of green patents compared to dirty 
patents. Rho is the correlation among residuals in the SURE model (Col. 7 and 8) showing a complementarity of dirty and clean patenting strategies. 
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Table 4. Comparing estimated elasticities (rate of depreciation: 15 %) 
 Clean patents “Dirty” patents 
Internal or own  
stock of clean patents 
0.3 * 
0.4 to 0.7 ** 
0.6*** 
0.0* 
 
0.0*** 
Internal or own  
stock of dirty ( = not clean) patents 
0.14* 
0 to 0.2** 
0.13*** 
0.55* 
- 
0.9*** 
* Aghion et al. (2015) firms in energy sector,  
** Stucki and Woerter (2012) industry level,  
*** Our own research firm level (worldwide largest R&D investors) 
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Table 5: Robustness tests 
 (1) (2) (3) (4) (5) (6) (7) (8) 
 
No Energy Sector No Asian Country No Small countries Control for productivity 
 
Clean Dirty Clean Dirty Clean Dirty Clean Dirty 
Own Stock Clean Patents (log KC) 0,726*** 0,024 0,731*** 0,024 0,757*** 0,015 0,775*** 0,018 
 (0,037) (0,020) (0,048) (0,024) (0,032) (0,018) (0,037) (0,019) 
Own Stock Dirty Patents (log KD) 0,271*** 0,904*** 0,245*** 0,902*** 0,241*** 0,908*** 0,191*** 0,881*** 
 (0,045) (0,020) (0,055) (0,023) (0,039) (0,019) (0,046) (0,022) 
Clean Spillovers (log SPILLC) 0,515* 0,016 1,304* 1,264*** 0,507** 0,101 0,899*** 0,408** 
 (0,269) (0,139) (0,712) (0,280) (0,240) (0,128) (0,307) (0,168) 
Dirty Spillovers (log SPILLD) -0,529* -0,122 -1,403* -1,382*** -0,566* -0,255* -0,971*** -0,573*** 
 (0,319) (0,156) (0,746) (0,295) (0,289) (0,147) (0,361) (0,189) 
Productivity (log) 
      
0,041 0,005 
       
(0,105) (0,049) 
GDP (log) -0,091 -0,102*** 0,037 -0,032 -0,137** -0,179*** -0,047 -0,138*** 
 (0,061) (0,026) (0,076) (0,029) (0,063) (0,029) (0,082) (0,036) 
GDP per capita (log) -0,431*** -0,246*** -0,079 0,091 -0,376*** -0,096 -0,442** -0,031 
 (0,128) (0,068) (0,127) (0,059) (0,119) (0,063) (0,219) (0,117) 
EU country 0,038 -0,123* 0,335 -0,141 -0,028 -0,242*** 0,163 -0,254*** 
 (0,169) (0,074) (0,233) (0,091) (0,150) (0,072) (0,189) (0,085) 
Medium-Low Tech 0,077 -0,280** -0,026 0,026 0,046 -0,134 0,105 -0,048 
 (0,235) (0,115) (0,325) (0,130) (0,209) (0,110) (0,239) (0,122) 
Medium-High Tech 0,393** -0,093 0,097 0,040 0,352** -0,024 0,316* -0,062 
 (0,181) (0,082) (0,219) (0,087) (0,152) (0,075) (0,182) (0,086) 
High Tech -0,003 0,161** -0,111 0,257*** 0,006 0,214*** 0,141 0,269*** 
 (0,183) (0,078) (0,233) (0,085) (0,164) (0,075) (0,194) (0,087) 
KIB Services 0,241 0,017 0,063 0,076 0,352** 0,096 0,369* 0,127 
 (0,217) (0,092) (0,249) (0,094) (0,179) (0,084) (0,210) (0,098) 
Non KIB Services -0,072 -0,098 -0,421 0,052 -0,080 -0,013 -0,071 0,001 
 (0,285) (0,131) (0,391) (0,143) (0,272) (0,129) (0,292) (0,139) 
Energy Sectors 
  
0,260 0,189** 0,309*** 0,290*** 0,427*** 0,416*** 
   
(0,173) (0,081) (0,115) (0,065) (0,131) (0,072) 
Intercept 7,635*** 7,028*** 4,850 6,693*** 9,108*** 8,624*** 9,211*** 8,310*** 
 
(2,472) (1,134) (3,950) (1,581) (2,289) (1,112) (2,770) (1,390) 
Number of observations 806 806 696 696 900 900 665 665 
Log-Likelihood -1 331,39 -4 680,90 -850,41 -3 702,13 -1 676,55 -5 375,29 -1 316,27 -4 019,30 
H0: All coeff.=0 1 009,930 2 109,759 580,356 1 435,184 1 229,428 2 292,056 962,554 1 727,830 
H0: alpha=0 -0,248** -0,901*** -0,047 -0,868*** -0,278*** -0,892*** -0,356*** -0,982*** 
 
(0,108) (0,049) (0,139) (0,053) (0,093) (0,046) (0,107) (0,054) 
Notes: *,**,*** significant at 10%, 5% and 1% levels. The number of observations depends on filters or missing values. The explained 
variables in Columns (1) to (8) are the number of patents filed on the 2003-2005 period, rounded to the upper number. Stocks are computed 
accordingly for the 1986-2002 period. The depreciation rate is 15%. Country level variables are: GDP, GDP per capita are 2002 variables in 
columns (1) to (8). Industry level: 3 industry dummies according to the technological level (OECD classification extended to services), KIBS 
and non-KIKBS dummies as well asan energy dummy. Low Tech industries are taken as a reference. Small countries are countries with 
log(GDP)<26. ASEAN countries are China, Taiwan, Hong-Kong, Japan, South-Korea and Singapore. Labour productivity at the firm level 
(in log) is introduced in column ((7) and (8). Industry level: 4 industry dummies according to the technological level (OECD classification 
extended to services) and an energy dummy. A dummy is introduced when the weighted stocks of patents are null (not reported). A negative 
binomial model is implemented in every column. Overdispersion is assumed to betested as significant in every column. 
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Figure 1: Schematic view of the CIB database building 
 
 
 
 
